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ABSTRACT: This paper describes the development of a simulation model for operating theatres.  Elective patient 
scheduling is complicated by several factors; stochastic demand for resources due to variation in the nature and severity 
of a patient’s illness, unexpected complications in a patient’s course of treatment and the arrival of non-scheduled 
emergency patients which compete for resources.  Simulation was used for its ability to represent highly complex 
systems and analyse model outputs.  Patient arrivals and lengths of surgery are determined by analysis of historical data.  
The model was used to explore the effects increasing patient arrivals and alternative elective patient admission 
disciplines would have on the performance measures.   The model can be used as a decision support system for hospital 
planners. 
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1.   INTRODUCTION 
 
Scheduling operations for the operating theatre (OT) is a difficult task and if not managed properly may result in 
bottlenecks, which affect the efficiency of the entire hospital.  There are several reasons for this; firstly, just about every 
department within a hospital schedules patients for the OT.  Secondly, not all patients are scheduled in advance.  
Emergency cases may transpire throughout the course of a day and unexpected complications during the course of a 
patient’s treatment may occur.  Most hospitals reserve theatres for emergency cases, but when these or other resources 
are unavailable, disruptions to the original schedule result such as delays in surgery start time, elective surgery 
cancellations or transfers to another institution.  Elective surgery cancellations have a cascading effect resulting in 
dissatisfied patients and escalating waiting lists (Cheng and Newman, 2004). 
The political nature of the hospital environment compounds the scheduling problem.  Admission decisions are 
made by surgeons and administrators who often have conflicting performance objectives (Hamilton and Breslawski, 
1994; Sier, Tobin and McGurk, 1995; Kim, Horowitz, Young and Buckley, 2000; Gladish, Parra, Terol and Uria, 2004).  
Policy makers need to know in advance the predicted outcomes of a decision in order to support that decision.  Previous 
studies have focussed on predicting the effects of balancing conflicting managerial criteria and improving elective 
surgery waiting lists whilst taking emergency surgeries into consideration (Sier et al., 1995; Kim et al., 2000; Gladish et 
al., 2004).   
Theoretically, different scheduling disciplines may be employed to optimise OT objectives.  By scheduling the 
longer and typically more variable surgeries first as with longest processing time first (LPT), the shorter jobs are used at 
the end of the schedule to balance the load on the theatres, minimise overtime and ensure the entire workload is 
completed (Breslawski and Hamilton, 1991).  Harper (2002) showed that LPT increased the throughput of patients 
without the need for extra resources and reduced the cancellation rate.  LPT however results in unreliable start time 
estimates for the later procedures and may result in surgeon dissatisfaction as certain surgeries consistently receive the 
‘prime’ early morning spots (Breslawski and Hamilton, 1991).   
The opposite of LPT is shortest processing time first (SPT), which minimises the sum of the completion times by 
minimising the time spent by patients waiting to be treated.  SPT is used in practice to maintain the load on the PACU 
(Hamilton and Breslawski, 1994).  This technique, however often results in an increased incidence of overtime as the 
longer and more variable surgeries are performed last (Breslawski and Hamilton, 1991). 
Simulation is beneficial because it allows the analyst to realistically represent complex systems and investigate 
hypothetical scenarios without continual interruptions to the real system (Kozan and Gillingham, 1997; Kim et al., 
2000; McHardy, Kozan and Cook, 2004).   This is important for healthcare systems, where patient’s lives may be at 
stake and therefore testing new techniques without prior predictions on performance outcomes could be devastating 
(Kim et al., 2000).  
Simulation has been used to model the intensive care unit (ICU) and OT of a major public hospital (McHardy et 
al., 2004), for calculating performance measures of a hospital unit or department (Sier, 2004), to test the performance of 
a maternity system (Kozan and Gillingham, 1997) and to determine the critical bed requirements for a surgical suite 
(Lowery, 1992).   
In this paper an advanced model for the OT department was developed using Extend simulation software to model 
the OT department of a major public hospital. The effects of changing patient arrival rates and elective scheduling 
disciplines on the system’s performance measures were investigated.   Extend allows the user to develop dynamic 
models of real-life systems for a vast amount of fields.  It has the capacity to immediately observe the effects changes to 
parameters and inputs have on the system by the use of plotters and outputs.  Model observations form decision support 
by predicting the effects changes in the model’s parameters may have on the efficiency of the OT department. 
 
 
2.  CASE STUDY 
 
The hospital contains five OT pods (A, B, C, D & E) that contain 18 functioning elective theatres and two emergency 
theatres.  Each theatre is set up for the specific surgical specialties performed there as well as containing a standard set 
of equipment necessary for routine surgical procedures.  Depending on size, equipment may or may not be movable to 
different theatres.  For example, due to the largeness of the specialized equipment, cardiac procedures are limited to the 
larger cardiac theatres.   
Currently a block scheduling system is implemented at the hospital in which a theatre block is assigned to a given 
surgeon or specialty.  OT blocks for elective procedures are generally AM (8:30am to 12:00pm), PM (1:00pm to 
4:30pm) or all day (8:00am to 3:00pm or 8:30am to 3:30pm).   
Emergency theatres are considered to be open 24 hours per day and when necessary, emergency cases may be 
treated in an elective theatre.  Allocation of emergency patients to theatres is the responsibility of the OT staff.  They 
are added to the schedule at appropriate times according to the triage category assigned by the requesting surgeon and 
resource availability.  Minimising disruptions to the original schedule such as delays in start times and elective 
cancellations are important considerations when making any changes.  
 
 
3.   METHODOLOGY 
 
Data for patients that entered the OT department during 2005 was collected and analysed in this paper.  This included 
patient identification number to preserve confidentiality, OT suite arrival time, in anaesthesia workroom time and in and 
out of theatre time.  Type of surgery, patient classification and destination after surgery were also included.  The data 
did not contain any information regarding the original schedules, cancellations or changes to the original schedule 
during the two-month period.   
Modelling the flow of patients involves delineating patient groups, describing patient arrivals and length of service 
distributions and identifying alternate clinical pathways (Kozan and Gillingham, 1997; McHardy et al., 2004; Sier, 
2004).  The techniques employed for this range from the simplistic where no detailed analysis is provided and ‘average 
number of patients per day’ is calculated, to detailed approaches such as those developed using mathematical and 
statistical analysis.  Studies which over-simplify this process do not capture the variability in patient arrivals and this 
may lead to an underestimation of a unit’s resource requirements (McManus, Long, Cooper and Litvak, 2004; Sier, 
2004).   
Patient progress through the OT was modelled in detail for this study with the assistance of hospital medical staff.  
Arriving patients are classified as either elective or emergency.  These classifications are not source restrictive, for 
example, most patients that arrive from the wards are classed as elective patients, however, there are occasions where a 
patient not previously expected to require surgery develops complications, and requires urgent surgery to correct the 
problem.  This patient would then be classified as an emergency patient.  Elective patients may also be classified as 
surgical care unit (SCU) patients; those undergoing day procedures that are generally discharged the same day and those 
that are admitted on the day of their surgery, but may require admittance to a ward following surgery.  Within these 
categories, patients were further segregated into groups based on the type of surgery they received.  Service 
distributions for each surgical category and the emergency patient arrival distribution were determined using the 
statistical fitting software package STATFIT.     
There are two entry points to the OT department depending on the patient’s source. The main entry point is for 
both elective and emergency patients.  The second entry point is for the SCU.  Associated with each entry point is a 
holding bay where beds may be wheeled prior to surgery if the scheduled theatre is unavailable on arrival. To prevent 
bottlenecks in the OT department, patients wait in the wards and units prior to surgery.  When the allocated theatre is 
expected to be available within half an hour, an OT staff member calls the ward to ‘confirm’ the patient is ready for 
surgery.  Upon confirmation, the patient is brought to the appropriate holding bay.  If the theatre is available 
immediately they proceed directly to theatre.  Once surgery is completed, the patient is sent to one of three destinations 
depending on their originating source and level of care required; the ICU, the post anaesthesia care unit (PACU) or the 
SCU.  A patient flow diagram (Figure 1) was generated with the assistance of hospital OT and ICU medical staff.   
 
 
 
Figure 1. Patient Flow Diagram 
 
   
  A model in Extend is built using a series of blocks, some of which generate items and others, which process these 
items.  Information regarding processing items is collected, analysed and reported at the end of each simulation run.  
Each theatre was represented as an identical server in parallel capable of serving one patient at a time.  Individual 
patient schedules were generated for each elective theatre using a program block, which specified their time of arrival 
and identified the type of surgery they were to receive.  Emergency patients were generated randomly using an 
exponential distribution with average inter-arrival time 113 minutes. 
Both elective and emergency patients were allocated a random length of surgery (LOS).  Before service, patients 
waited for a surgical team.  Assignment of the resources was on a first come first serve (FCFS) basis with priority, 
where emergency patients had priority over elective patients.  Emergency surgeons serviced emergency patients only.  
Elective surgeons however, could be re-directed to emergency patients when required.   
Elective patients were cancelled if the wait for resources resulted in a patient beginning surgery outside normal OT 
sessions.  It was assumed however, that once a surgery had begun, it could not be pre-empted by the arrival of a more 
urgent patient or due to the theatre running into overtime.  Emergency cases were not cancelled under any circumstance. 
After surgery was performed (for both emergency and elective patients), the patient’s resources were released.  
The patient then exited the system and a decision was made as to whether the surgeon had completed their shift.  If not, 
they were sent back to their rostered theatre.  If the shift had finished, the surgeon exited the system.  
Figures 2 and 3 are screen prints from the simulation model, demonstrating the use of blocks to model the general 
path of an elective and emergency patient respectively through the model (the entire model is too large to view at once).  
Whilst Figure 2 only illustrates the path of elective patients scheduled for theatre A1, the logic for all other elective 
theatres is identical.  Figure 3 illustrates the re-direction of emergent cardiac and ophthalmology patients which must be 
treated in the associated elective theatres due to equipment restrictions.  All other emergency patients form a single 
queue for treatment in the first available emergency theatre. 
The following data was input and may be varied to examine the effects on the model’s resource utilisation and 
performance measures;  
1. Schedule of elective patients.  The program block allows the user to specify the time of arrival of each patient.  
This can easily be altered as needed, by simply copying and pasting data into the block’s table.  Schedules may be 
altered to compare alternative scheduling disciplines such as SPT and LPT or testing new scheduling policies such as 
the effects of scheduling elective patients over the weekend.  
 
Figure 2. Elective Patient Flow 
 
 
 
Figure 3. Emergency Patient Flow 
 
 
2. Emergency patient arrival distribution.  The arrival distribution was selected using STATFIT.  Making changes to 
arrival distributions such as alternate theoretical distributions or constant inter-arrival times could also be assumed for 
the model. 
3. LOS distributions.  Examples of LOS distributions used in the model for different surgical categories include Log-
logistic, lognormal, Pearson Type VI and Beta distributions. 
4. Available resources.  The number of staff comprising a surgical team remained unchanged throughout the 
simulation.   
5. Theatre operating hours.  Theatre operating hours for the simulation were based on the data collected.  Actual 
allowed overtime was unknown and therefore assumed to be included in the available time.  Opening hours were fixed 
at 8:15am til 12:00pm and 1:00pm til 4:30pm for all elective theatres with the exception of ophthalmology theatres A2 
and A3 and cardiac theatre E2.  Theatres A2 and E2 remained open throughout the simulation as these were required by 
emergency patients after hours.  Theatre A3 opened at 8:00am, as this was more consistent with the actual data 
presented during the 2-month study.   
Extend records an extensive set of statistics obtained from each simulation run.  This data can be saved in a text 
file or exported to Microsoft Excel spreadsheets for manipulation and analysis.  The key performance measures and 
outputs of the model were patient waiting times, number of elective surgery cancellations and theatre utilisation rates.  
An important outcome of the model was to demonstrate how improving one of those performance measures might have 
a detrimental effect on others.   
 
 
3.1 Results and Sensitivity Analysis 
 
By application of the central limit theorem, confidence intervals for the performance measures were calculated. The 
number of simulation runs required for a tolerance level (at the 95% confidence level) was determined. The population 
standard deviation was approximated by the sample standard deviation. 
The simulation run length was set to two months (87840 minutes) with the assumption that the length of the 
simulation run was sufficient to ‘dilute’ the effects of the warm up period.  Performance measures for patient waiting 
times, number of cancellations and theatre utilisation rates were gathered after each run.  The results of the 95% 
confidence intervals and the best and worst results for individual simulation runs are given in Table 1.  The average 
emergency patient waiting time was 69.60 minutes.  The average elective patient wait time was 115.47 minutes with 
standard deviation 26.33 minutes compared to the actual data giving 117.73 minutes with standard deviation 18.93 
minutes.  At the 95% confidence level, the average patient wait time determined for the simulation model was not 
significantly different from that observed in the real system.  On average, 3.26 patients per day were cancelled.  With no 
information regarding the actual number of observed cancellations, it was assumed that this was a reasonable result for 
the system.  
 
 
Table 1. Simulation results 
Basis Results Sample mean Standard deviation 95% Confidence Interval Best Case Worst Case
Emergency Patient Wait Time (minutes) 69.60 3.54 (62.66, 76.54) 37.53 1523.49
Average Elective Patient Wait Time (minutes) 115.47 3.21 (109.18, 121.76) 90.65 1016.23
Number of Cancellations 198.60 18.92 (161.53, 235.68) 174 263
Emergency Theatre Utilisation rate 49.58% 0.08% (49.43%, 49.73%) 55.31% 46.16%
Average Elective Theatre Utilisation rate 88.70% 0.52% (87.67%, 89.72%) 88.60% 88.06%  
 
 
The following sensitivity analysis was performed on the simulation: 
 Change the number of patient arrivals; 
1. decreased 10%; 
2. increased 10%; 
3. increased 20% and 
4. increased 30%. 
 Implementation of alternative admission disciplines;  
1. SPT;  
2. LPT; and  
3. least flexible job first (LFJ). 
The results of changing patient arrivals are presented in table 2. Some of the underlying model assumptions - 
restricting emergency operations to the emergency theatres, with the exception of ophthalmology and cardiac patients; 
using an upper bound for elective patient waiting time and; unlimited emergency patient wait time - have revealed 
interesting results for the system which are detailed in this section.  All tests for significance were performed at the 95% 
confidence level. 
 
Table 2. Changing patient arrivals 
Emergency Elective Emergency Elective
Sample mean 69.60 115.47 198.60 49.58% 88.70%
Standard deviation 3.54 3.21 18.92 0.08% 0.52%
95% CI (62.66, 76.54) (109.18, 121.76) (161.53, 235.68) (49.43%, 49.73%) (87.67%, 89.72%)
Worst case 1523.49 1016.23 263 46.16% 88.06%
Best Case 37.53 90.65 174 55.31% 88.60%
Sample mean 65.00 104.85 196.28 45.74% 87.96%
Standard deviation 5.02 3.10 15.77 0.74% 0.15%
95% CI (55.15, 74.85) (98.77, 110.93) (165.37, 227.2) (44.28%, 47.19%) (87.66%, 88.25%)
Worst case 1584.75 743.99 241 41.22% 87.34%
Best Case 26.45 76.83 165 50.07% 87.99%
Sample mean 69.00 127.03 317.66 56.22% 89.12%
Standard deviation 2.83 2.24 19.49 0.81% 0.14%
95% CI (63.45, 74.55) (122.64, 131.42) (279.45, 355.87) (54.63%, 57.81%) (88.84%, 89.4%)
Worst case 1911.11 1015.77 394 52.54% 88.88%
Best Case 47.83 98.49 260 61.39% 89.30%
Sample mean 99.80 147.02 481.13 63.40% 89.23%
Standard deviation 5.86 3.83 27.71 0.84% 0.14%
95% CI (88.32, 111.28) (139.51, 154.52) (426.81, 535.45) (61.75%, 65.05%) (88.94%, 89.51%)
Worst case 2361.79 1063.81 519 59.09% 88.77%
Best Case 65.66 121.29 401 68.46% 89.35%
Sample mean 199.30 159.77 769.55 72.00% 89.46%
Standard deviation 8.58 3.46 28.27 0.77% 0.16%
95% CI (182.47, 216.13) (152.99, 166.55) (714.13, 824.96) (70.5%, 73.5%) (89.14%, 89.78%)
Worst case 2133.75 1112.23 836 68.66% 88.93%
Best Case 83.39 136.04 688 76.35% 89.49%
Waiting Time
RESULTS Cancellations 
Utilisation rate
Base case
+ 10%
- 10%
+ 20%
+ 30%
 
 
 
Decreasing patient arrivals 10% significantly decreased the average emergency patient waiting times from 69.6 to 
65.0 minutes while a 10% increase in arrivals had no significant affect.  Average emergency patient waiting times 
increased 30.2 and 129.7 minutes respectively when arrivals were increased 20% and 30%.  The impact on elective 
patient waiting time was steadier across all changes in patient arrivals compared with emergency patient wait.   Waiting 
time reduced from 115.47 to 104.85 minutes for a 10% decrease in arrivals, and increased 11.56, 31.55 and 44.3 
minutes for the three incremental increase in arrivals respectively.   
The number of cancellations per day did not change when arrivals were decreased 10%.  Increasing arrivals by 
10%, 20% and 30% however increased the average number of cancellations by 1.95, 4.63 and 9.36 patients per day 
respectively. 
Changing the % of arrivals appeared to have a linear effect on elective patient wait time whilst the impact on the 
number of cancellations and the emergency patient wait time however, appears to be exponential.  This can be 
explained by the underlying model assumptions.  Emergency patients are assumed to wait indefinitely for an available 
theatre, thereby exponentially increasing the experienced waiting time.  In contrast, by limiting the waiting time of 
elective patients, this reduces bottlenecks in the theatre suites, which would occur due to the build of up patients waiting 
for resources to become available.  The increase in the experienced waiting time therefore is limited; however the 
number of cancellations increases exponentially as arrivals increase, much like the wait for emergency patients.  Figures 
4 and 5 present an illustration of these relationships.   
The elective theatre utilisation rate was unchanged for all change in patient arrival tests.  Again, this is a result of 
the underlying model assumptions, restricting the emergency patients to the elective theatres and also due to the limited 
wait on elective patient waiting time.  This result suggests that regardless of the degree of the increase in elective patient 
arrivals there will be no significant increase in elective theatre utilisation rate.  It follows then that the elective OTs are 
currently running at maximum utilisation.  The emergency theatre utilisation rate was unchanged when arrivals were 
increased and decreased 10% but increased when arrivals increased 20 and 30%.  The relationship between changing 
the % of arrivals and theatre utilisation rates are presented in Figure 6.   
Implementation of the three scheduling disciplines (LPT, SPT and LFJ) was compared.   The LFJ rule is optimal 
for minimising the maximum completion time in the parallel machine environment without pre-emption (Pinedo, 1995) 
and has not yet, to the authors knowledge, been applied to the OT environment.  The job with the smallest set of 
possible theatres to choose from is selected when a machine becomes available, i.e. the least flexible job.  The concept 
behind this technique is scheduling the more flexible jobs last to provide greater flexibility toward the end of the 
schedule for evening out the load over the theatres.  The results of implementing each scheduling discipline are 
presented in Table 3.  All of the findings are presented at a 95% confidence level. 
 
  
Figure 4. Effect of change in arrivals on cancellations Figure 5. Effect of change in arrivals on waiting time  
 
Figure 6.  Effect of change in arrivals on theatre utilisation rate 
 
 
The average emergency patient wait times were 52.9, 53.3 and 54.7 minutes and the average elective patient wait 
times were 121.64, 114.17 and 91.57 minutes respectively for LPT, SPT and LFJ.  Scheduling disciplines LFJ and SPT 
both improved elective patient waiting time with LFJ performing better than SPT.  Conversely, LPT was found to 
increase elective patient waiting time.  The effects of the LPT and SPT disciplines on elective patient waiting time were 
somewhat intuitive.  Performing the longer, more variable surgeries first (LPT) results in a longer waiting time for the 
shorter surgeries while scheduling the shorter surgeries first, will decrease the wait for the remaining activities.  More 
noteworthy however, is that LFJ outperformed SPT.  By scheduling the least flexible jobs first, the remaining jobs can 
be juggled around to optimise the resource usage towards the latter end of the schedule, thereby improving the average 
elective waiting time.  All three scheduling disciplines were found to improve the wait for emergency patients however 
there was no significant difference between disciplines.  This suggests that reducing the scheduling variability by 
implementing a scheduling policy, thereby reducing system variability, improves the wait for emergency patients.  This 
finding is supported by McManus, Long, et al., (2003) who stated that a smoother demand pattern due to elective 
surgery scheduling management increases the effective capacity of busy units. 
 
Table 3. Alternative Scheduling Disciplines 
Emergency Elective Emergency Elective
Sample mean 69.60 115.47 198.60 49.58% 88.70%
Standard deviation 3.54 3.21 18.92 0.08% 0.52%
95% CI (62.66, 76.54) (109.18, 121.76) (161.53, 235.68) (49.43%, 49.73%) (87.67%, 89.72%)
Worst case 1523.49 1016.23 263 46.16% 88.06%
Best Case 37.53 90.65 174 55.31% 88.60%
Sample mean 52.90 121.64 212.92 50.40% 88.73%
Standard deviation 2.64 3.25 23.17 2.68% 0.53%
95% CI (47.73, 58.07) (115.27, 128.02) (167.51, 258.33) (45.14%, 55.67%) (87.69%, 89.77%)
Worst case 792.35 1055.75 278 45.74% 87.88%
Best Case 23.34 94.74 169 55.70% 88.64%
Sample mean 53.30 114.17 195.75 50.06% 88.65%
Standard deviation 2.36 3.17 20.24 3.17% 0.51%
95% CI (48.68, 57.92) (107.96, 120.38) (156.09, 235.42) (43.84%, 56.28%) (87.65%, 89.64%)
Worst case 925.97 939.60 257 46.15% 87.96%
Best Case 25.73 83.34 155 54.20% 88.72%
Sample mean 54.70 98.54 176.11 50.48% 89.15%
Standard deviation 2.39 3.00 35.35 0.58% 2.97%
95% CI (50.02, 59.38) (92.66, 104.42) (106.83, 245.39) (49.34%, 51.61%) (83.32%, 94.98%)
Worst case 1685.99 989.89 243 35.37% 87.85%
Best Case 33.73 69.01 171 43.48% 88.60%
Cancellations 
Utilisation Rate
RESULTS
Waiting Time
LFJ
Base case
LPT
SPT
 
 
 
The average number of elective cancellations was 3.49, 3.21 and 2.89 patients per day for LPT, SPT and LFJ 
respectively.  At the 95% confidence level, only the LFJ discipline reduced the number of patient cancellations.  SPT 
neither increased nor decreased patient cancellations while LPT increased the number of cancellations.  Again, this is a 
result of the flexibility of the later jobs to be scheduled with the LFJ discipline, culminating in fewer cancellations.  The 
results for LPT are surprising.  Harper (2002) showed that LPT reduced the incidence of overtime and a corresponding 
incidence of cancellations.  It should be noted here however, that although LPT was found to increase the incidence of 
cancellations, the actual number per day was not sizeable (3.26 to 3.49).  Figure 6 and 7 demonstrate the effect on the 
number of cancellations and patient waiting time for the alternative scheduling disciplines respectively. 
At the 95% confidence level there was no evidence to suggest an improvement or otherwise in theatre utilisation 
rates for each of the scheduling heuristics.  As was seen when the number of arrivals was changed, this may be due to 
the underlying assumptions of the model and that elective theatres appear to be running at maximum utilisation.   
 
 
3.2 Model Validation 
 
To assist with model validation, patient flow was repeatedly analysed and compared with the actual flow of patients 
depicted in the Patient Flow Diagram in Figure 2.  The actual data collected in 2005 was initially entered into the 
simulation model.  Taking out data variability enabled the simulation process to be compared with the observed period.  
This meant the actual arrival time and length of surgery for each patient (both electives and emergencies) was explicitly 
entered.  Patient priority and the possibility for surgeon re-assignment remained variable as this data was not available 
for validation.  The model was run and compared with the actual results and the following observations were made: 
1. Validation was based on elective patient wait time within the surgical suite for the following reasons;   
- Information regarding the number of patients cancelled, and the original schedule compared with what actually 
resulted was not available.  
- The average waiting time for emergency patients was recorded as less than 1 minute in the supplied data.  Any 
waiting times experienced in the emergency department or other wards prior to surgery were not recorded in the 
data.   
2. All emergency patients were assumed to have priority over electives.  Realistically, some ‘emergent’ but not urgent 
patients have lower or the same priority as electives and are triaged accordingly.  As a result, in the simulation these 
patients may receive treatment before an elective patient, thereby reducing the waiting times of emergency patients and 
increasing that of electives.   
   
Figure 6.  Effect of alternative scheduling disciplines on 
cancellations 
 
Figure 7.  Effect of alternative scheduling disciplines on 
waiting time 
 
3. The observed order in which patients arrived to theatre was not necessarily the order in which they were served.  
The ability to change order was omitted from the model because the data supplied did not contain any indications of` 
patient re-scheduling or the initial schedule.   
4. Assigning emergency patients to elective theatres was not initially considered in the simulation model to simplify 
the patient modelling process.  During the validation stage however, it became apparent that the simulation was 
producing excessive emergency waiting times.  As a result emergency cardiac patients and ophthalmology patients were 
serviced in the elective cardiac and ophthalmology theatres respectively.  All other emergency patients were serviced in 
the emergency theatres.  This resulted in fewer elective surgeons being re-assigned to emergency patients, had little 
effect on average elective patient wait time and reduced the average waiting time of emergency patients.  It did, 
however, produce a slight increase in the incidence of elective cancellations.  
5. For simplification, the two elective theatres used for emergency cases remained open throughout the simulation 
without any scheduled downtimes.  This resulted in a lowered utilisation rate for these theatres making any comparisons 
with the real system redundant.   
6. The data showed that most theatres were in fact opened earlier than the scheduled 8:30am starting time.  This was 
incorporated into the model resulting in fewer cancellations and a better representation of the real system. 
7. Initially, some patients experienced excessive waiting times in the suites (remaining in the suites overnight), when 
in reality they would have been re-scheduled or cancelled.  To overcome this, elective patients would renege if their 
wait time reached 495 minutes ensuring no patient remained in a suite ‘overnight’.  Emergency patients had no limit 
placed on their waiting time as it was assumed that they could not be cancelled. 
 
 
4.   CONCLUSIONS & FUTURE STUDY 
 
Simulation was used to model the OT department of a major public hospital.  Service distributions and emergency 
patient inter-arrivals were generated based on historical patient data.  Efficiency measures calculated for the real system 
were compared with simulation outputs to validate the model.  The model was used to explore the effects increasing 
patient arrivals and alternative elective patient admission disciplines would have on the performance measures.   
The relationships between the performance objectives and changes made on the system observed during sensitivity 
analysis were explained by the underlying assumptions of the system.  Emergency patient waiting times and the number 
of elective cancellations appeared to increase exponentially as the number of arrivals was increased.  The relationship 
between elective patient waiting time, elective theatre utilisation rate and emergency theatre utilisation rate with 
changing arrivals appeared linear and less pronounced.  There was no significant impact on elective theatre utilisation 
rate for any change in arrival, which suggested that the elective theatres were running at near maximal activity.  This 
claim may be supported by the exponential effect seen on the number of cancellations when arrivals increased 30%, 
with no accompanied effect on elective theatre utilisation rate.   
LFJ improved patient waiting times and reduced the number of cancellations.  SPT improved patient waiting 
times, had a lesser impact on elective patient waiting times than LFJ, and did not affect the number of cancellations.  
LPT improved emergency patient waiting times but was found to increase both elective patient waiting times and the 
number of cancellations.  The improvement in emergency patient waiting times for all disciplines suggested this was a 
result of reducing elective scheduling variability.  The scheduling disciplines did not have a significant effect on theatre 
utilisation rates.  
An important result of this study is its potential implementation as decision support for surgical planners wishing 
to adopt an alternative scheduling discipline or for predicting the effects than an increase in patients will have on 
performance criteria.  Traditionally, theatre utilisation rate has been considered the only important performance measure 
for the OT.  This study clearly demonstrates, however, the need to consider the effects on patient waiting times and 
elective cancellations as an adjunct measure of performance.   
Although this study indicates the likely effects changes may have on the OT system’s performance measures, it 
does not produce any quantifiable measures of resources for optimising some particular objective.  The authors are 
currently addressing this fact.  A multi-criteria optimisation model is currently being developed to determine the 
optimal elective theatre opening hours of a major public hospital’s surgical care unit.  The analytical model will be 
solved by interacting with simulation outputs and the effects of optimising one or all of the criterion on the system’s 
performance measures will be compared.   
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